Abstract Air transport network, or airport network, is a complex network involving numerous airports. Effective management of the air transport system requires an in-depth understanding of the roles of airports in the network. Whereas knowledge on air transport network properties has been improved greatly, methods to find critical airports in the network are still lacking. In this paper, we present methods to investigate network properties and to identify critical airports in the network. A novel network model is proposed with airports as nodes and the correlations between traffic flow of airports as edges. Spectral clustering algorithm is developed to classify airports. Spatial distribution characteristics and intraclass correlation of different categories of airports are carefully analyzed. The analyses based on the fluctuation trend of distance-correlation and power spectrum of time series are performed to examine the self-organized criticality of the network. The results indicate that there is one category of airports which dominates the self-organized critical state of the network. Six airports in this category are found to be the most important ones in the Chinese air transport network. The flights delay occurred in these six airports can propagate to the other airports, having huge impact on the operation characteristics of the entire network. The methods proposed here taking traffic dynamics into account are capable of identifying critical airports in the whole air transport network.
Introduction
As the important components of air transport network, airports have a great impact on the operational performance of the air transport system. For instance, the European Organization for the Safety of Air Navigation (EUROCONTROL) holds a view that ''understanding the variety of airports in Europe, their distribution, their traffic patterns, their aircraft mix, their strengths and their weakness is essential to understanding the strengths of the whole air traffic network". 1 Given the geographic locations, demographics and economics, airports play different roles in the air transport system. Special states of an airport, such as flights delay and congestion, can propagate to the other airports, and may finally disseminate over the whole network. There is a ''do less for more" effect of identifying critical airports in the network when managing the air transport system. However, there is no existing universal method or criteria to identify whether an airport is critical. In the past decades, researchers and engineers have long sought the way to assess the performance of airport. In the field of performance assessment, key performance areas (KPAS) are determined based on airport operation characteristics at first. Then key performance indicators (KPIS) are selected according to the KPAS. 2, 3 Capacity, delay, and safety are the most common KPAS that have been widely investigated in the past. As one of the most important KPAS, capacity is normally evaluated based on mathematical models or simulation models. Airport's efficiency can be reflected by capacities under certain time horizons and operating conditions. [4] [5] [6] Parameters, such as punctuality, predictability, flight efficiency, and on-time performance, can be derived from flights delays. [7] [8] [9] Blom et al. constructed multi-agent models to assess safety risk of airport operation. [10] [11] [12] Safety level of airports can also be reflected through statistics such as rate of accidents/serious incidents/incidents. 2, 3 Integrated comprehensive transportation capability of an airport can be analyzed in terms of instrument flight rules (IFR) flights, average number of annual IFR movements, average number of annual passengers, passengers per IFR movement, annual IFR movements per runway, and so on. 2, 3 While some researchers apply data envelopment analysis to assess productivity, others decompose efficiency into production and efficiencies then assess them separately. [13] [14] [15] It is thought that critical airports can be identified by comparing these KPIS. A major drawback of such methods is that airports are treated as isolated objects rather than inter-connected parts in the network.
Research on complex networks has been advancing our knowledge of air transport network. The airport network structure has been widely studied both at the international levels and at domestic levels. Network properties have been examined, including degree distribution, average path length, diameter, clustering coefficient, in-out degree correlation, degree-degree correlation, clustering coefficient-degree correlation, betweenness, and rich-club coefficient. Empirical analyses show that air transport networks of Italy, Brazil, India, China, and the entire world are small-world networks. [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] From complex network perspective, airports with higher degree or betweenness are the important nodes in the air transport network. Although topological structures of the network may reveal the importance of the airport, it is unable to identify the dominant airports due to the lack of consideration of traffic flow and the interactions among airports.
Here we propose a novel method to analyze airport network and to identify the most critical airports. Airport-pair correlations are calculated using traffic flow data. Airport network is then constructed with airports as nodes and airportpair correlations as edges. All airports are categorized into groups by the proposed spectral clustering algorithm. Network topological structure is illustrated preliminarily. Distancecorrelation and power spectra are used to demonstrate whether airport network is a self-organized critical system. We assume that the network criticality originates from a certain group of airports. Finally, the most critical airports are identified by analyzing the distribution of critical state (delay) transition intervals. In a critical system, there should be critical components influencing the whole system. The rest of this paper is organized as follows. In Section 2, the original data and processing principles are presented. In Section 3, spectral clustering algorithm is developed and applied to classify airports into different categories. Section 4 analyzes the relationships between airport-pair correlation and spatial distance. In Section 5, 1/f spectra is used to probe the long-range memory effects of traffic flow time series. Section 6 gives the transition intervals distributions for the highest delay contribution rate of critical airports or critical airportpairs. Conclusions are presented in Section 7.
Data
Empirical flights data operated within mainland China from January 1st, 2011 to June 30th, 2011 was obtained from the Operation Center of Air Traffic Management Bureau. After data cleaning, there are about two million pieces of record of flight data left for analysis. Each piece of record contains key information of a flight, including departure airport, arrival airport, scheduled time of arrival/departure, and actual time of arrival/departure.
Since the main focus of this study is to identify critical airports in the network, the following airports are out of scope of analysis:
(1) International airports (including Hong Kong, Macao, and Taiwan). In total, 161 airports are examined in the presented work.
Airport network topology
Clustering algorithms have been used in various airport networks to discover potential community structures or to group airports with the maximum similarity. [26] [27] [28] [29] To analyze airport network topology, airports with similar traffic patterns should be identified according to one or more characteristics. The spectral clustering algorithm is widely used which derives from spectral graph theory. It is assumed that each sample is regarded as node V. We assign weighted value W to the edge E according to the similarity among samples. Therefore, there is an undirected weighted graph G ¼ ðV; EÞ. Clustering is then transformed to the optimal partitioning of the graph. 30 Here we develop a spectral clustering algorithm to study airport network based on the correlations between time series of traffic flow of airports. We can uncover spatial topology of the correlation among airports through the clustering results and compare correlation characteristics of different categories of airports. 30 We assume that the sample set contains N airports, and let f i ðtÞ represent the traffic flow value of the ith airport at the tth slot. T is number of time slots every day. The spectral clustering algorithm is depicted in the following.
Step 1. Calculate correlation q ij between each airport-pair's traffic flow time series f i and f j based on pearson correlation coefficient as,
where q ij 2 ½À1; 1. The flow time series of each airport lasts six months and has a temporal resolution of 15 min.
Step 2. Form the similarity matrix S 2 R nÂn ; where
r is a scaling parameter (which is usually taken as r ¼ 1).
31,32
Step 3. Define D to be the diagonal matrix: D ii ¼ P n j¼1 S ij ; so that the Laplacian matrix can be defined as
Step 4. Calculate the eigenvectors fv 0 ; v 1 ; v 2 ; Á Á Á; v nÀ1 g and corresponding eigenvalues 0 6 k 1 6 k 2 6 Á Á Á 6 k nÀ1 of L.
Step 5. In matrix perturbation theory, the gap between the kth and ðk þ 1Þth eigenvalues is defined as eigengap. 33 Here we form eigengap series fg 1 ; g 2 ; Á Á Á; g nÀ1 g i ¼ j k i À k iþ1 g based on obtained eigenvectors. Then we find the first maximum value of the eigengap series in the sequence. The subscript of the value is the number of clusters: K. The larger the maximum value of eigengap is, the more stable the subspace formed by selected k number of eigenvectors is. 33 Step 6. Select k largest eigenvectors fv 1 ; v 2 ; Á Á Á; v k g corresponding to eigenvalues and construct new matrix V ¼ ½v 1 ; v 2 ; Á Á Á; v k with eigenvectors. Form V 0 by normalizing each row of matrix V:
Step 7. Each row of V 0 is viewed as a point. Then k-means clustering algorithm is performed on these points.
All airports in the investigated dataset are clustered into 6 categories. Clustering results are presented in Table 1 , in which airports are given by International Civil Aviation Organization (ICAO) codes. (Fig. 2) .
Clustering results indicate that air transport network has the following three features: (1) Since spectral clustering is based on the correlations between flow time series, airports in the same category have similar traffic features. (2) Traffic features are influenced by geographical positions. For example, most of the cities in C 6 are capital cities of the provinces or municipalities. (3) Similarities among airports are not affected by the geometrical distances. Therefore, airport network is characterized by a complex multi-core topology.
Spatial correlation
In order to further investigate spatial fluctuation of the correlations between airport-pairs, fluctuation trends of airport-pair correlation along with distance change are analyzed. Here we calculate the distance r between any two airports and the corresponding pearson correlation CðrÞ. CðrÞ are the correlation coefficients q ij of the airport-pairs whose distance between the airports is r. Fig. 3 shows the relationship between CðrÞ and r. Error bars indicate the standard deviations of q ij of the airports with the same r. As shown in Fig. 3 , spatial correlation is divided into two ranges: (1) When the distance r < 1585 km, the correlation CðrÞ between airport-pairs does not decay while increasing distance r (the slope is À 0.04); (2) When r P 1585 km, there is a power-law relationship between CðrÞ and r: CðrÞ ¼ r Àb ; b ¼ 0:66. It is suggested that there exists power-law correlation at the level of the airport network. Long-range correlations usually emerge in systems with local interactions in the vicinity of a critical point. 31 The interactions between critical points and the effect of critical points on other points will disseminate in the entire network. Critical points are determined by the distance-correlation fluctuation trends of 6 categories of airports.
The distance-correlation trends of each category of airports are plotted in Fig. 4 , while the exponents of six categories lie within ½0:17; 1:00. In previous section, correlation results show that intraclass correlation between airport-pairs of C 6 (% 0:5) is much higher than the airports in other categories (Fig. 2) . The correlation, however, does not decay when increasing distance. In contrast, airports in C 4 exhibit power law decay with exponent higher than that of the entire network (exponent: 1 > 0:66), while they have the lowest intraclass correlation. Except that C 5 is with the smallest exponent, intraclass correlations in other classes decay faster than those in the entire network. According to the traffic characteristics and correlation of C 6 , it can be concluded that airports of C 6 should be critical points in the network. They share similar traffic features, and their strong mutual effect do not weaken when increasing distance. On the contrary, C 4 contains small regional airports with light traffic flow. These airports are influenced by critical ones in the network and propagate the influence to other relevant airports. Therefore, the correlation decays as distance increases. The decay may be faster due to the absence of critical points in these categories.
Temporal correlation
Characteristics of flow time series can be explored with the power spectra from another perspective. Power spectra analysis is a frequency domain analysis method based on Fourier Empirical analysis of airport network and critical airportstransform. Power Spectra answers the question ''which frequencies contain the signal's power?". In power spectra analysis, the total energy of a time series is decomposed into components at various frequencies. The prominent period hidden in the time series can be judged according to variance contributions of various frequency waves. The corresponding frequency of the maximum value of the power spectra is the prominent frequency of the time series.
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The data of each airport lasts NUM days, with T time slots per day. Let yf i be the traffic flow time series of the ith airport with the length of T Â NUM. The classical spectral estimation method is described as follows.
Step 1. Calculate the average traffic flow time series of all airports in the network.
Step 2. Suppose that the average flow time series is a set of stationary random signals. Then, we calculate the autocorrelation function of the time series as
FðlÞFðl þ mÞ jmj 6 T Â NUM
ð3Þ
Step 3. Based on Wiener-Khinchin theorem, estimate the power spectra by taking the Fourier transform of autocorrelation function.
Power spectra of the average flow time series of entire network shows a clear power-law scaling behavior with scaling exponent a ¼ À0:90 which is approximately equivalent to 1=f. Research has shown that 1=f spectra is an important phenomenon of self-organized criticality. Besides, 1=f spectra indicates that long-range memory effects of time series transmit within a wide range of time scales. The results obtained here clearly indicate that air transport system is a critical system.
In the following, we further investigate the power spectra of 6 categories of airports. Power exponent of C 6 is À0:9, while the exponents of the other categories lie within ½À0:81; À0:66, which are shown in Fig. 5 . Therefore, the average traffic time series of C 6 can be interpreted as 1=f spectra suggesting self-organized criticality. It can be concluded that the airport network is with self-organized criticality because of the 6th category of airports C 6 , which dominates the overall characteristics of the entire airport network. This is in accordance with previous results on the evolution of the spatial correlation. The airports in C 6 , as key nodes of the airport network, have a great impact on the entire network.
Distribution of state transition intervals
Even for airports in C 6 , they play different roles in the network. As a key indicator of airport performance analysis, delay often occurs in special or extreme operational conditions, such as military activities, severe weather, and major security concerns. Therefore, delay can be, to a greater extent, considered as an indicator of the critical operation state of airport. To uncover the core airports in C 6 , we turn to the study of state transition based on delay. The brief idea is as follows. Firstly, we calculate the number of delayed flights for each airport in C 6 with temporal resolution of 15 min. Then, we calculate contribution rate of airport as the rate of number of delayed flights of each airport to the total number of delayed flights of the network in each time slot. The airports are sorted in descending order according to their contribution rates. Finally, the airport with the highest contribution rate can be found in each slot, and then there will be a new time series formed by the highest airports, for instance, fZBAA; ZGGG; ZUUU; ZSPD; ZBAA; :; ZGSZg. When one airport contributes most to the delay at network level, it is regarded as the core of the network. According to the time series, the intervals between the same airports are obtained to estimate the distribution of critical state transition. As shown in Fig. 6 , the state transition intervals of these 6 airports do exhibit power law decay, while the others do not ('Pr(Á)' in the Fig. 6 represents the probability). The exponents of these 6 airports lie within ½0:75; 3:11:
7. Conclusions and future work (1) A novel aviation network is constructed with airports as nodes and the correlations between traffic flow of airportpairs as edges. All airports are classified into 6 categories by the proposed spectral clustering algorithm. Among the 6 categories, airports in C 6 are of the highest intraclass correlation, and they have quite similar features in terms of traffic characteristics and geographical locations. Empirical analysis of airport network and critical airports(2) It is found that the spatial correlations among airports exhibit power law decay when the distance between airports is larger than 1585 km. Besides, 1=f spectra is observed in average traffic flow time series of airport network. Spatial and temporal correlations analyses show that air transport system is a critical system with self-organized criticality. After further comparison of spatial and temporal correlation among 6 categories of airports, a group of critical airports have been identified from C 6 . They are the primary source of self-organized criticality. (3) Airport's delay is analyzed with the assumption that the critical state of the airport network can be reflected by airport's delay. The distributions of state transition intervals for airports in C 6 are estimated based on the highest delay contribution rate. There are 6 airports with state transition intervals showing power-law distributions. Beijing capital international airport (ZBAA) is with the highest scaling exponent. It can be concluded that these 6 airports are the most critical ones in the network. The frequently occurred delay in these airports will propagate to other airports. Thus, the performance of these airports has a great impact on the performance of the entire network.
The identification of critical airports in the critical airport network has potential implications for the management of air transport system, for instance, to improve operation efficiency of the system. We have presented the method to identify critical airports in the network. Further efforts will be given to the comparative study of identified critical airports, to profoundly analyze their similarities and differences. The presented method here will be performed with the data of other countries to validate whether their aviation networks are of self-organized criticality.
